Abstract: Knowledge on soil moisture is indispensable for a range of hydrological models, since it exerts a considerable influence on runoff conditions. Proper tools are nowadays applied in order to gain in-sight into soil moisture status, especially of uppermost soil layers, which are prone to weather changes and land use practices. In order to establish relationships between meteorological conditions and topsoil moisture, a simple model would be required, characterized by low computational effort, simple structure and low number of identified and calibrated parameters. We demonstrated, that existing model for shallow soils, considering mass exchange between two layers ( the upper and the lower), as well as with the atmosphere and subsoil, worked well for sandy loam with deep ground water table in Warsaw conurbation. GLUE (Generalized Likelihood Uncertainty Estimation) linked with GSA (Global Sensitivity Analysis) provided for final determination of parameter values and model confidence ranges. Including the uncertainty in a model structure, caused that the median soil moisture solution of the GLUE was shifted from the one optimal in deterministic sense. From the point of view of practical model application, the main shortcoming were the underestimated water exchange rates between the lower soil layer (ranging from the depth of 0.1 to 0.2 m below ground level) and subsoil. General model quality was found to be satisfactory and promising for its utilization for establishing measures to regain retention in urbanized conditions.
INTRODUCTION
Mathematical models are explicitly used to predict soil moisture on different scales, since it is the moisture itself that tends to be an important indicator of water runoff in rural or urbanized catchments (Berezowski et al., 2012) . Detailed knowledge of the state of soil moisture (spatial and temporal) is essential also for a wide range of applications in agriculture and water management. Rootzone soil moisture can be used as an index in the prediction of crop yields and in early warning systems (for flood or drought). The important influence of soil moisture on weather and climate has been demonstrated for instance by (Deardorff, 1977; Namias, 1959; Reed, 1925) . It has been proved to control the partitioning between the sensible and latent heat fluxes, and consequently influences the temperature of the surface and the lower atmosphere (Delworth, and Manabe, 1988) . Further feedback may be visible through changed cloudiness, relative humidity, altered surface albedo, roughness and upper-level atmospheric circulation. For those reasons, soil moisture has gained importance in a multitude of hydrological models (Walker et al., 2001) .
Comprehensive studies on modelling techniques for soil temperature and moisture were developed by Deardorff (1977) . On the other hand, insight into moisture profiles was attempted from surface measurements, and given in: (Arya et al., 1983; Camillo and Schmugge, 1983; Entekhabi et al., 1994; Jackson, 1980) . Independent of the applied technique, the gained knowledge on the soil wetness status is indispensable for catchment runoff modelling, that usually requires complex models with spatially distributed parameters, having prescribed uncertainty ranges (Marcinkowski et al., 2013; Sikorska et al., 2012) . Among those parameters, the soil water content is one of the most important to trigger surface runoff (Brandyk and Majewski, 2013; Chormański, 2012; Deardorff, 1977) .
Nonetheless, the majority of contemporary hydrological models, incorporating soil moisture significance for overall catchment hydrology, require computational effort, detailed data acquisition, diverse and rather complicated calibration procedures. For these reasons, a simple, analytical model of uppermost soil layers moisture seems to be of broad importance. It ought to be characterized by simplified application procedure, low number of parameters to be identified and calibrated, and, if possible, more insignificant computational needs. The final model result is only the soil water content, however, all complex procedures related with data management and processing in a GIS system, for instance, are avoided.
Since in situ soil moisture observations are often limited due to equipment and time availability, model-simulated soil moisture products often serve as alternatives (i.e., for providing initial conditions and/or inputs) for a range of weather and climate models, crop models, ecosystem models, agricultural drought monitoring, and, as it was already stressed, flood monitoring. Soil moisture data are nowadays retrieved as well from satellite-based remote sensing, such as AMSR-E (Advanced Microwave Scanning Radiometer for the Earth Observing System; Reichle et. al., 2011) , ASCAT (Advanced Scatterometer; Wagner et al., 1999) and SMOS (Soil Moisture and Ocean Salinity; Kerr et al., 2010) , and offer potential, however, they are generally useable only in the upper few centimetres over sparsely vegetated area for microwave sensors, even if efforts are being made to extrapolate these measurements to the root zone (Gao et al., 2003; Reichle et al., 2011) . In such situation, soil moisture data acquisition requires choosing and applying proper model for soil hydrology, with a necessity to identify the key processes that are active in the catchment under consideration and to ensure that they are satisfactorily represented by the model (Beven and Kirkby, 1979; Boughton, 1983; Hughes, 1994) .
We hypothesized that simple analytical flow model of shallow, two-layer soil (depth equals 20 cm), considering exchange between layers, the atmosphere and subsoil, reproduces satisfactorily temporal changes of soil moisture as dependent on existing meteorological conditions. The main novelty of the presented study is that we conditioned it on very accurate observations. The meteorological inputs and soil moisture were measured in a close distance, to exclude potential small scale differences in weather conditions. Furthermore, the soil moisture data were collected taking the advantage of the Time Domain Reflectometry technique, providing detailed and almost continuous information on system dynamics.
We also stressed, that the model used herein would establish relationships between the weather and soil moisture status after the parameter identification, for which we employed GSA-GLUE (Global Sensitivity Analysis, Generalized Likelihood Uncertainty Estimation) framework (Beven and Binley, 1992) . It is based on the probabilistic representation of the parameters' uncertainty, fulfilled with model's sensitivity analysis. The link between GSA and GLUE was established using likelihood measures, elaborated within the GLUE method, as a model output for the sensitivity analysis. As a result it was possible to perform that analysis without strong assumptions concerning parameters variation, leading to final adoption of model confidence bands. We found no previous attempts of applying linked GLUE-GSA analysis for soil moisture time series data.
MATERIALS AND METHODS
The research was performed for a loamy soil in the southern district of Warsaw (Ursynów district) within the compounds of Warsaw University of Life Sciences. That area is characterized by high degree of anthropopressure. There is a high coverage by impervious areas e.g. the presence of large area of housings, sidewalks, car parks and main streets, which contribute to quick generation of overland flow. However, in unpaved areas, such as parks and open green surface, water storage in the soil seems to be important so as to increase water retention of urbanized areas of Warsaw city.
Geological setting, involved generally sandy loams up to 1.9 m depth (Matusiewicz, 2013; Wienclaw, 1998) , underlain by sandy clay of thickness higher than 10 m, with deep ground water table -about 11 m below land surface. It was found, that soil layers to the depth of 0.2 m, for which moisture was measured by TDR probes, contained 65% of sand fraction (diameter 2-0.05 mm, including: 24% of coarse sand (1-0.5 mm), 16% of medium sand (0.5-0.25 mm), 13% of fine sand (0.25-0.1 mm) and 12% of very fine sand (0.1-0.05 mm). Silt fraction totalled 24% (diam. 0.05-0.002 mm) with 11% of coarse silt (0.05-0.02 mm) and 13% of fine silt (0.02-0.002 mm.) and finally clay fraction (diam.< 0.002 mm), totalling 11% (Szejba et. al., 2003) . Grain size classes were adopted from USDA (Soil Survey Division Staff, 1993) , and according to those, the presence of sandy loam in the uppermost soil layers is confirmed. For grain distribution analyses we used laboratory sieves with diameters from 1 mm to 0.05 mm. Silt and clay fractions were determined with a hydrometer ("Procedures for soil analysis", 1995). Next, we determined the percentage of organic matter and bulk soil density that enabled to use equations proposed by Wösten et.al. (1999) , 102.5 m a.s.l.), operated by the WULS Division of Meteorology and Climatology. Air temperature and relative humidity was measured using thermohygrometer sensor (Vaisala :QMH102, temperature range: -40; +60°C, temperature accuracy <± 0,3 °C, relative humidity range: 0-100%, rel. humidity accuracy ± 2%, (0 to 90% RH) and ± 3%, (90 to 100% RH)) located at 2 m above the active surface, and wind speed was measured at 4 m height by sonic sensor (Vaisala, WS425 -B2A1B, range: 0 -56 m/s , accuracy: ±0.135 m/s or ±3% of the range, wind direction range: 0-360°, accuracy ±2 o for wind speed > 2 m/s). Daily precipitation totals were used as input data for soil moisture model, whereas air temperature, relative humidity and wind speed, were used to calculate potential evapotranspiration according to FAO procedure (Allen et al., 1998) on hourly time step basis by Penman-Monteith equation: 
where: E p stands for reference evapotranspiration, R n is a net radiation at the grass surface, calculated according to FAO procedure, G represents soil heat flux density calculated according to FAO procedure, T hr is a mean hourly air temperature, u 2 is an average hourly wind speed, e 0 (T hr ) is a saturation vapour pressure at air temperature T hr , e a stands for average hourly actual vapour pressure, Δ is slope of vapour pressure curve, γ denotes a psychrometric constant and K is a unit conversion factor (note that Penman-Monteith equation is not given in the International System of Units). Hourly evapotranspiration data were then taken to calculate daily sum of evapotranspiration.
Soil moisture and temperature were measured with TDR probes at two soil depths: 10 and 20 cm at the above mentioned meteorological station, where the land surface was covered by standard, mown grass of 10 cm height. All data were recorded by data logger manufactured by the Institute of Agrophysics of the Polish Academy of Sciences (PAS), Lublin, Poland, and were characterized by non-invasive and fully automated measurements. The measurements involved permanent recording of the propagation step impulse of energy into a soil system and the subsequent observation of the energy reflected by the system within a test time equal to 5 s. The impulse frequency was sin 2 -like needle pulse of 200 ps rise time and the probe length equal to 30 cm (cable length equal to 6 m). The sensor consisted of two 100 mm long, parallel, stainless rods, having 2 mm in the diameter and separated by 16 mm. TDR measured the dielectric permittivity of the soil, which is known to be strongly related to soil moisture content because of the strong contrast between the dielectric permittivity of water and that of the other soil constituents. Empirical and semitheoretical models are available to relate dielectric permittivity and soil moisture content (Roth et al., 1990; Topp et al., 1980) . In the applied TDR method we used the equation developed by Malicki for mineral soils (Malicki et al., 1996 
where K a stands for dielectric constant and ρ b for soil bulk density. The application of Equation (2) in PAS -TDR measuring system enabled to read water content directly from the data logger. Moisture measurements (volumetric water content) were performed in the range of 0 to 100% by the above mentioned equipment with the absolute error of ±2% and resolution of readings equal to 0.1%. Measurements, previously performed with PAS TDR, were compared to gravimetric method for sixty soils all over the area of Poland, so as to prove the reliability of the applied TDR probes for a range of soil densities (Boczoń, 2004) . Determination coefficient for the compared variables was equal to 0.98 and standard deviation of moisture content reached slightly higher value than nominal one, equal to 0.028. The TDR sampling interval was equal to 10 minutes, and the sampling was continued throughout the vegetation period of 2011 (from 1 April, 2011 till 30 September 2011). Similar to weather data, averaged daily values of soil moisture were then used for analyses.
Soil moisture modelling
To trace the relationship between meteorological parameters and soil moisture we have applied the quasi physical model, based on the concept presented by Deardorff (1977) . The variability of a soil moisture can be described as a processes of a mass exchange between atmosphere and two soil layers: upper and lower. The first, the surface layer, represents the transitional zone where the soil moisture content is strongly affected by diurnal variations. It is relatively thin, up to 10 cm. In the second layer the variability is significantly lower. The Deardorff's model involves then only two time depended variables: the soil-surface moisture content -for a first layer and the bulk soil content for the second one:
where w 1 , w 2 denotes the volumetric water content at upper and lower layer, respectively, h 1 and h 2 represent thickness of layers, P is a precipitation intensity, τ is a diurnal time period (1 day expressed in seconds), C 1 , C 2 are dimensionless proportionality factors, E g the bare-soil evaporation, μ is a constant used to describe the moisture transport below a lower layer and w max is the soil field capacity. It has to be noted that variables in Equations (3), contrary to the original Deardorff's notation, were divided by the liquid density (e.g. P is given here in m/s instead of kg/m 2 s). The C 1 and C 2 parameter values depend on the soil moisture and texture, the functional forms were given by Noilhan and Planton (1989) . In the Deardorff approach the C 2 parameter is a constant and C 1 has a form of a piecewise function of effective saturation (C 1 = f(w 1 /w max ). The present model follows the Deardorff's formulation, however we adopted different form of the function for C 1 . Still its value is parametrized against effective saturation, however in the form of a power function of a single parameter:
where m stands for the model parameter. The modification was imposed to reduce the total number of parameters, as a piecewise relationship requires two more. For m < 0, the proposed form maintains the decreasing character of the C 1 factor with saturation. The exponential form also provides better agreement with an experimental set given by Noilhan and Planton (1989) . With the Equation (4) it is possible to reproduce the dependency given with the data points for all three soil classes: sand, loam and clay, with a coefficient of a linear correlation higher than 0.95. The moisture transport was not included in the Deardorff's model as it was limited to a time period of only few weeks. Here, to extend the time scale we added the sink term to Equations (3) that allow taking an account of the moisture transport outside the model's domain. The term takes a form of linear relationship, used in the similar studies, i.e.: (Huang et al., 1996) . The bare-soil evaporation rate (E g ) was related to the potential evaporation (E p ) with the following relationship (Deardorff, 1977) :
where w sat ≈ 0.75 w max.
Equations (3) were solved using the explicit Runge-Kutta method, provided by the ode23 solver, being a part of the Matlab computing software (Shampine and Reichelt, 1997) . The variables: m, C 2 , μ and w max were treated as model parameters.
Identification of model parameters
In any modelling assignment the parameter identification is a challenging task. Often it is possible to relate parameter values with certain system properties. The example could be the values of C 1 or C 2 for which the dependency on soil type and moisture was given by Noilhan and Planton (1989) . However, such approach requires significantly more information concerning the modelled system, being unavailable in many cases. The alternative is to look for parameters that brings model output possible close to measured values. This is the approach being utilized in the present study. The parameter identification is considered here in a form of an inverse problem, where the goal is to find such parameter ensemble that provides the satisfactory agreement between the model and the real system.
To identify model parameter a probabilistic framework of the GSA-GLUE (Global Sensitivity Analysis with Generalized Likelihood Uncertainty Estimation, Ratto et al., 2001 ) was adopted. It is a combination of the model uncertainty analysis with respect to parameters with the estimation of a model sensitivity of these uncertain parameters.
The basic assumption of this approach comes from the statement made by Beven and Binley (1992) that because of simplifications and errors in a model structure, errors in observations, it is improper to expect that only one parameter set represents true parameter values. The parameter identification should then lie in estimation of their probability distribution, reflecting the uncertainty of predictions. In this light, the existence of many parameter sets that are considered as satisfactory, is expected.
In the GLUE approach the parameter identification is performed according to the Bayes formula:
where x stands for a parameter vector, here x = (m C 2 μ w max ), w observed soil moisture content, M(x) a priori parameter distribution, M(w/x) likelihood function, M(w) scaling factor and M(x/w) a posteriori parameter distribution. In the GLUE methodology, its informal character, the choice of likelihood function depends on the modeller knowledge and it should reflect the expectations over a posteriori distribution properties.
In the presented study we have chosen the following form (Romanowicz and Beven, 2006) :
where r m (x) denotes a model mean residua, σ 2 a mean variance of the model residua, κ a shape factor used to control a variance of function values, p a scaling factor, such that ∑M(w/x) = 1. This Gauss-shaped function reaches maximum for r(x) = 0 and approaches zero when residuals increase. Parameter sets for which solution strongly differs from the observed system output, with high residuals ranked with likelihood value close to zero. The distinction between behavioural and nonbehavioural realizations used in the original GLUE formulation is done here indirectly using formula 7 by adjusting the shape factor κ. (Kiczko et al., 2013; Romanowicz and Beven, 2006) . Table 1 . The parameter ranges used in the uniform a priori distribution.
Lower band -5 0 0 0.24
Upper band 0 14 10
The use of likelihood function allows reducing the significance of assumptions concerning parameters distribution. As in a common situation, the variability of parameters is unknown, mostly an uniform distribution is used. It is also a case in this study. The parameter ranges were adopted to reflect their physical interpretation. The m parameter was sampled in bands in which it is possible using formula 4 reproduce the empirical relationship of C 2 on soil moisture as given by Noilhan and Planton (1989) . Same applies to the constant value of C 1 .Field capacity of a soil w max was assumed to fall between 0.24 and 0.42. The ranges of the μ coefficients were chosen by trial and errors, to obtain sufficiently diverse parameter ensemble. The information concerning parameter distribution is set up in Table 1 .
The sensitivity analysis allows to investigate the significance of certain parameters on model performance. In our study we take advantages of the Global Sensitivity Analysis (Archer et al., 1997) , which is suitable i.e. for non-monotonic models. The method is based on a variance decomposition in the sum of top marginal variance and a bottom marginal variance:
where Y denotes a model output, u a group of parameters. The first term describes the reduction of the output variance when the set u becomes fully known and the second one is the expected value of the variance in the case all parameters, except u, are known (Ratto et al., 2001) . It enables to trace an effect of an input variance of a certain parameter or combinations of parameters.
The sensitivity of the model is assessed with the use of two measures, the First Order Sensitivity Index S i and the Total Sensitivity Index S Ti , defined as follows:
The First Order Sensitivity gives an account of amount of output variation reduction in case when parameter x i is known and remains fixed. The Total Sensitivity Index is introduced to investigate significance of interactions between parameters and gives an idea about all the interactions involving parameter x i .
The link between GSA and GLUE is established using likelihood measures, elaborated within the GLUE method, as a model output for the sensitivity analysis. As a result it is possible to perform the analysis in a case when there are no strong assumptions concerning parameters variation. Moreover, as both methods are based on the Monte Carlo sampling technique, it is possible to perform the sensitivity and uncertainty analysis for the same parameter ensemble, with restriction that it maintains a structure required for GSA.
The number of Monte Carlo runs of the model was 10,000. The shape factor κ of the likelihood function was adjusted manually to enclose observed moisture, where it was possible, within 95% confidence bands of the model. The bands were calculated on the basis of the a posteriori distribution of the modelled moisture.
The probabilistic solution is compared with one obtained on the deterministic grounds. It was elaborated using the same Monte Carlo sample as in the GSA-GLUE, from which a parameter set with the highest value of the likelihood function was chosen.
RESULTS AND DISCUSSION
The modelled soil moisture is presented in Fig. 1 , which also gives a comparison between the deterministic and probabilistic solutions. Including the uncertainty in a model structure causes that the median solution of the GLUE is shifted from the one optimal in deterministic sense. In Fig. 2 the parameter ensemble is set together with values of the likelihood measure in a form of dot plots. The simple graphical interpretation allows identifying the regions in a parameter space with the highest likelihood. The ensemble likelihood reaches its maximum for values of the parameter m close at the bound of -1, C 2 heading to 14 and around 0.28-0.30 for w max . In a case of a μ parameter which represents the sink term for the lower layer, the likelihood is increasing towards negative values. This is consistent with the observed bias for the lower layer, where measurements suggest higher water supply to this zone. The dependency of the likelihood function on certain parameters seen in dot-plots is also seen in the results of the sensitivity analysis, presented in Table 2 . The highest values of the first and total order sensitivity indexes were obtained for C 2 and μ parameters. Both parameters: m and w max , have a relatively small direct impact with a low value of the first order sensitivity index, affect the model performance by interactions with other parameters, that can be seen in noticeable values of total sensitivity indexes.
In general, parameter values achieved by applying GSA-GLUE algorithm, provided for a satisfactory quality of the model that linked meteorological conditions to topsoil moisture. However, for the validation period the model overestimated the water content in the second soil layer. The reason for this was the best fit of the zero value of μ parameter in the calibration period. That parameter stands for leakage rate from the second (lower) layer to subsoil. Most likely, the leakage was indeed equal to zero during the calibration period, whereas its' nonzero values appeared in the validation one. Such nonstationarity of the water transport could be justified by considerable recharge to soil profile after winter period e.g. upward seepage from perched water tables. For the m and C 2 the maximum values of the likelihood function was obtained at the boundaries of their physical ranges. It confirms that the model does not hold its physical interpretation and/or not all source and sink terms were included in the model structure.
CONCLUSIONS
The simple model of mass fluxes between two soil layers appeared to be sufficient in representing the dynamics of the soil moisture and provided a satisfactory agreement with measurements performed using TDR technique. The main difficulty arose from the grey-box nature of the model, with many relationships, defined in empirical terms using mostly unmeasurable parameters. The probabilistic framework of the GLUE technique applied here seems to be advantageous, as it enables the direct analysis of various parameter combinations, giving an insight into regions in the parameter space, where the value is the most likely. Moreover, results support the assumption underlying the GLUE concept, that for overparametrized models there might be many models or parameters sets that lead to a satisfactory representation of the true process and for which available constrains do not allow to limit the solution to optimal in a deterministic sense. Such conclusion can be drawn from the relationship between parameter values and the likelihood measure, but also from the sensitivity analysis. It revealed strong parameter interactions, where a direct effect of a single parameter is at least few times smaller comparing with join effects with other parameters.
Despite the overall satisfactory representation of the moisture dynamics by the model, the results for the lower soil layer are noticeable biased. This suggests that a sink term might be inappropriate, as the best fit was obtained when water flux below the second layer was set to zero (μ = 0). The analysis revealed the significance of water exchange between upper and lower layer of the soil and suggested that this process might have a non-stationary character.
